within closely related LV populations. rPinecone uses a root-to-tip directional approach to define sub-23 lineages within a phylogenetic tree according to SNV distance from the ancestral node. Whole genome sequence data from bacterial pathogens is increasingly used in the epidemiological 51 investigation of infectious disease, both in outbreak and endemic situations. However, distinguishing 52 bacterial species which are both very similar and which are likely to come from a small geographical 53 and temporal range presents a major technical challenge for epidemiologists. rPinecone was designed 54
to address this challenge and utilises phylogenetic data to define lineages within bacterial populations 55 that have limited variation. This approach is therefore of great interest to epidemiologists as it adds a 56 further level of clarity above and beyond that which is offered by existing approaches which have not 57 been designed to consider bacterial isolates containing variation that only transiently exist, but which 58 is epidemiologically informative. rPinecone has the flexibility to be applied to multiple pathogens and 59 has direct application for investigations of clinical outbreaks and endemic disease to understand 60 transmission dynamics or geographical hotspots of disease. 61
Advances in Whole Genome Sequencing (WGS) permit the study of bacteria at high resolution and this 65 has created the opportunity to use WGS data to reliably discriminate between bacteria that were 66
previously indistinguishable by alternative means, or to "type" them. Using WGS data to understand 67 the epidemiology of infections presents distinct challenges to those faced by evolutionary biologists, 68 more so when aiming to distinguish lineages of bacterial populations that are only transiently extant. 69 70 Single nucleotide variants (SNVs) which arise stochastically may offer no evolutionary benefit to a 71
given bacterial isolate, and therefore may only transiently be present in a population. Despite their 72 lack of evolutionary significance, however, they may be epidemiologically informative in the context 73 of localised outbreaks, especially amongst organisms that show low overall population diversity. 74
Traditional genetic clustering algorithms such as Structure(1) and BAPS(2, 3) are not suitable for sub-75 typing of low-variant (LV) bacterial populations over small timescales such as less than three years. 76
They assume independence between loci and require 10-100's of SNV that are shared between 77 different lineages to confidently cluster populations. Novel bioinformatic approaches to identify sub-78 lineages within LV bacterial populations are therefore needed for epidemiological investigations, 79 especially when technological advancements have made genomic studies of outbreaks increasingly 80 common. 81 82 For genomic data, typing tools are used to identify "clusters" or "partitions" to define a group of 83 isolates as a "lineage" or sub-lineage within a population. These three terms are used synonymously 84 in this context. However, to provide clarity we will use the term "sub-lineage" to refer to a defined 85 group of isolates within a population. These typing tools are non-tree based and fall under two broad 86 approaches, distance-based methods which calculate a pairwise distance matrix often using the SNV 87 distances between isolates, and model-based methods which rely on calculating a population genetic 88 model using either Bayesian or maximum likelihood based methods(1). For distance methods samples 89 are considered to be within the same cluster if their SNV distance is less or equal to a specified SNV 90
threshold. An alternative method is the widely used program hierBAPS(3), which when given a 91 multiple sequence alignment attempts to identify the lineages of the sequences that maximises the 92 posterior probability of the hierBAPS model. The model is based on a Multinomial-Dirichlet 93 distribution and assumes independence between SNV sites. The algorithm is applied first to identify 94 an initial set of lineages, which is then iteratively repeated to generate subsequent sub-lineages within 95 each of the initially defined lineages. While both are suitable for populations where long-term 96 historical evolution is present, neither are appropriate options for short-term clonal expansions such 97 as populations emerging from point source outbreaks or locally endemic disease. In the case of 98
Bayesian approaches, the resulting sub-lineages are not able to reflect the phylogenetic data, whereas 99 methods that use a pairwise SNV distance approach are unable to infer direction of evolution or 100 common ancestry between sub-lineages, which is necessary for source and transmission 101
investigations. 102 103 Here we present rPinecone, an R package which evaluates a phylogeny using a root-to-tip approach 104 to define sub-lineages according to SNV distances from ancestral nodes. rPinecone also determines if 105 two or more sub-lineages form part of a larger major lineage if they are related by enough ancestral 106 nodes. where the branch lengths are integers corresponding to SNV distance. One type of tree that fits this 143 criterion is a maximum likelihood (ML) joint ancestral reconstruction (JAR) tree. 144
145
The rPinecone package has a primary wrapper function to perform the analysis which is performed in 146 two steps: sub-lineage definition and major-lineage definition (Fig. 1) . 147 148 rPinecone will initially prepare for sub-lineage definition by collapsing zero SNV dichotomies of the 149 tree into polychotomies using the ape package(11) for R (v4.1) and performing a depth-first search 150 (DFS)(12) across the resulting tree, to list the tips and ancestral nodes from root-to-tip. Edges are then 151 drawn between nodes where the edge distance is the branch length i.e. the number of SNVs isolates 152
have from an ancestral node on a JAR tree. Using the DPS and SNV branch distance information, 153 rPinecone will then define sub-lineages by traversing the tree in a root-to-tip direction to assess each 154 ancestral node. At each ancestral node, a sub-tree is built with the remaining nodes where the 155 ancestral node becomes the root of the sub-tree. rPinecone uses two methods to define sub-lineages, 156 1) all root-to-tip paths of the sub-tree are assessed and if the maximum root-to-tip branch distance is 157 equal or below the specified SNV threshold, the remaining tips will be assigned a sub-lineage number 158
and 2) If the maximum distance is over the SNV threshold and there are at least two tips with zero 159 distance from the ancestral node, rPinecone assigns these tips in zero distance a sub-lineage number. 160
The process is repeated throughout the entire tree. Tips that are not assigned a sub-lineage number 161 will be assigned with a singleton number. to be used for downstream processes, including; the tree used for analysis, number of sub-lineages, 173 major lineages, singletons identified and number of isolates within the tree. The final variable is a 174 three-column table listing each "Taxa" label of the tree and their respective sub-lineage and major 175 lineage. Furthermore, phylogenetic trees can be displayed using the online display tool iTOL(13). The 176 rPinecone package includes three functions taking the output from the primary rPinecone function. 177
These functions parse the rPinecone output to a file in a format to display in iTOL. Three files can be 178 generated, a "LABELS" file to change the tip labels according to their sub-lineage or singleton number 179 as well as two "DATASET_COLORSTRIP" format files to display the sub-lineages and major lineages as 180 a colour strip/ block (Example displayed in the Fig. 2) . To show the utility of rPinecone we perform two 181 case studies on a MRSA hospital outbreak and local endemic dataset of S. Typhi. 182
183

HOSPITAL OUTBREAK OF MRSA ST2371 -HEALTHCARE WORKERS
184
WERE COLONISED BY A MAJOR LINEAGE
185
In 2011 over a 6-month period, the National Health Service Foundation Trust in Cambridge, UK, 186 investigated transmission of MRSA within the hospital neonatal unit and community and described a 187 complex transmission network(5). We reanalysed the data of this study and generated a phylogenetic 188 ML tree. From this analysis the population had a median pairwise distance of five SNVs. The 189 phylogenetic tree (Fig. 2) of the outbreak had a structure that begins with a root isolate (Patient 5), 190 then expands outwards in a "star-burst"-like fashion where each branch of the tree represents a 191 transmission pathway of MRSA between infants and their mothers, other mothers on the ward, and 192
to partners of affected mothers as described in the original study(5). rPinecone identified nine sub-193 lineages and a major lineage composed of three sub-lineages (25 isolates) using SNV threshold of four 194 and a relatability threshold of three. These sub- context, it is highly likely that multiple, genetically similar sub-lineages will be in circulation, and in 212 order to be epidemiologically informative, phylogenetic analysis must be able to distinguish these 213 lineages despite the low variation between them. Whilst hierBAPS is unable to utilise the low variant 214 SNV information to define lineages, rPinecone can be used in such situations. We demonstrate this by 215 defining sub-lineages in a LV population of S. Typhi H58 responsible for endemic typhoid fever in a 216 rural part of Cambodia(4). Reanalysis of these data determined the population to have a median 217 pairwise SNV distance of two. The subsequent phylogenetic tree of the reanalysis can best be 218 described from root-to-tip ( Fig. 3) . At the root of the tree resides a "root group" of isolates, then a 219 main branch composing of identical isolates which can be referred to as the "primary group" of the 220 clonal expansion, followed by "diverging groups" of isolates and singletons which have diverged from 221 this main branch. Using the reanalysed data, rPinecone identified 14 sub-lineages and a major lineage 222 composed of two sub-lineages (seven isolates) of S. Typhi, using a SNV threshold of two and a 223 relatability threshold of three ( Fig. 3) . 27 isolates were also identified as singletons. In comparison, 224
rhierBAPS identified a maximum of nine sub-lineages at level three and offered no further resolution 225 after further analysis (2, 7, 9, 9 and 9 sub-lineages were identified at levels one through to five 226
[ Supplementary Fig.1]) . 227 rPinecone sub-lineages were nested within the sub-lineages defined by rhierBAPS. rPinecone also 229 acknowledges singleton isolates which have accumulated their own "private" SNVs. Therefore, 230 singletons that have individual SNVs may be excluded in the definition of sub-lineages. In contrast, 231 rhierBAPS cannot detect the private SNVs of singletons. This is because rhierBAPs seeks to maximise 232 the posterior probability of a sub-lineage assuming independence between SNV sites, and is less 233 suitable for the identification of singletons. In addition, rhierBAPS also identifies isolates situated 234 across the tree to be members of the same sub-lineage. hierBAPS and other similar programs like 235
Structure are not designed to separate population data that would be observed towards the tips of a 236 phylogenetic tree including those observed with a median pairwise SNV of two as observed here. 237
Rather they aim to cluster isolates into groups that are likely to come from similar source populations. 238
When there are few isolates and few SNVs there is little information to estimate the likely distribution 239 of allele frequencies in these source populations. 240
241
In this example, rPinecone provided greater resolution to distinguish sub-lineages than across five 242 different levels of rhierBAPS and distinguished additional sub-lineages. The original study noted their 243
sub-lineages to have significant geographical variation. The rPinecone sub-lineages provided a cross-244 sectional view of the bacterial population, where some sub-lineages were geographically confined to 245 districts within one province and others span multiple provinces ( Supplementary Fig. 2) . 246 247 CONCLUSION 248 Investigators must be able to distinguish isolates to identify epidemiologically informative sub-249 lineages, however this is difficult for bacterial populations associated with both outbreaks and 250 endemic disease over small temporal or geographical distances when the pathogen has a slow 251 mutation rate and appears largely "clonal". The ability to make this distinction is critical if WGS data 252 is to inform epidemiological investigation of such pathogens, whether in epidemic, or locally endemic 253 disease. When aiming to geographically locate hotspots of disease transmission, it is critical to be able 254 to incorporate associated geospatial data associated with samples. 255 256 rPinecone was designed to analyse LV populations and to be applied to any bacterial species with at 257 least a median SNV distance of two within the population. Using the genomic data of a MRSA hospital 258 outbreak and endemic S. Typhi, we demonstrate that rPinecone can be used to identify sub-lineages 259 within LV populations that are reflective of the phylogenetic data. Furthermore, when compared to 260 rhierBAPS, rPinecone identified additional sub-lineages. We highly recommend using heirBAPs for 261 initial analysis of phylogenetic data to understand the bacterial population. Once this has been done, 262 rPinecone will define sub-lineages of LV bacterial populations to set the platform for understanding 263 the transmission dynamics or geographical hotspots of disease. 264 265 266 AUTHOR STATEMENTS 267 
